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Abstract

The article presents a unified fractal approach to processing and analyzing ship trajectories
based on AIS and ECDIS data. A comprehensive algorithmic pipeline is proposed, which
provides time normalization, coordinate transformation, calculation of dynamic motion
characteristics, and application of fractal analysis in sliding windows. This approach allows
for the stable calculation of key parameters (course, angular velocity, deviation from the
route) and detection of local changes in movement complexity that are not recorded by
classical methods. The fractal indicators used (Higuchi, Katz, Petrosyan, DFA dimensions)
demonstrate high reproducibility and resistance to typical navigation data shortcomings.
The proposed framework is primarily intended for onboard and post-voyage analysis,
supporting navigational performance assessment, trajectory reconstruction, and detailed
investigation of vessel motion dynamics based on the records from AIS and ECDIS.

Keywords: AIS; ECDIS; ship trajectories; fractal analysis; navigational data analysis; cyber
security; ship handling; decision support system

1. Introduction

The rapid growth of maritime traffic and the widespread deployment of Automatic
Identification System (AIS) and Electronic Chart Display and Information System (ECDIS)
technologies have led to the accumulation of large volumes of vessel trajectory data. These
data streams provide a valuable basis for studying navigational processes, motion dynamics,
and traffic patterns. However, raw AIS and ECDIS data are characterized by significant
heterogeneity, irregular sampling rates, missing values, coordinate inconsistencies, and
sensor-induced noise, which substantially limit their direct applicability for quantitative
analysis and modelling.

In practical applications, vessel trajectory data are often collected from multiple sources
with different temporal resolutions, reference coordinate systems, and data completeness
levels. As a result, unprocessed trajectories frequently exhibit distortions in speed, course,
and rotational parameters, making conventional kinematic or statistical analyses unreli-
able. This issue becomes particularly critical when higher-order motion characteristics are
required, such as trajectory complexity, stability, or long-range temporal dependencies.
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Consequently, there is a strong need for a robust and reproducible preprocessing framework
that transforms heterogeneous AIS/ECDIS records into analysis-ready representations.

Current scientific studies focus mainly on techniques for cleaning, rescaling, traffic in-
dex prediction, and trajectory interpolation. Generally, the bulk of the techniques are aimed
at establishing measures that resemble more traditional metrics; that is, the speed profiles,
route similarity, and traffic density estimates. At the same time, serious preparedness is
hardly taken into account regarding requirements in terms of advanced traffic analytical
approaches, especially those that employ nonlinear dynamics and fractal geometry. Noise
removal as well as some temporal consistency and trajectory’s structure preservation need
to be considered meticulously if the two methodologies are to be integrated. Should there
be a lack of consistency among the methods in operation, naturally, the fractal metrics,
deployed directly on raw data, give generally unstable or conflicting results.

Fractal analysis has proven to be an effective tool for describing the dynamics of com-
plex systems, including motion trajectories. Metrics such as the Higuchi fractal dimension,
detrended fluctuation analysis (DFA), Katz and Petrosyan dimensions, and box-counting
methods allow for the quantitative assessment of motion complexity at different time scales.
When applied to marine trajectories, these indicators reveal internal structural characteris-
tics that are not captured by traditional kinematic descriptions. However, the reliability of
fractal indicators depends largely on data normalization procedures, the choice of analysis
windows, and the consistency of parameter values—aspects that are often overlooked in
existing studies.

The literature studied on the research topic forms an interdisciplinary scientific basis
for the development of a unified fractal structure for processing normalised ship trajectories
derived from AIS and ECDIS data. At a fundamental level, fractal theory has proven
effective for describing complex spatio-temporal structures characterised by irregularity,
scale invariance, and hierarchical organisation in technical and natural systems, including
architectural perception, antenna systems, geological structures, and uncertainty mod-
elling [1-5]. Such properties are intrinsic to vessel trajectories, which emerge from the
interaction of navigational decisions, environmental constraints, and operational regimes.

A significant number of studies focus on the quantitative description of complexity in
spatial and temporal patterns using fractal dimension, multifractal spectra, Kolmogorov
complexity, and Hurst-based indicators. These approaches have been successfully applied
in land-use dynamics, material microstructures, geological formations, porous media, and
energy-related processes, demonstrating their robustness for analysing non-stationary
and nonlinear systems [3,6—-13]. The ability of these measures to capture scale-dependent
heterogeneity directly supports their applicability to AIS trajectories, where point density,
curvature, and motion regimes vary over time.

Further evidence of the versatility of fractal metrics is provided by research in coal
reservoirs, concrete materials, capillary transport systems, and permeability evolution,
where fractal parameters are explicitly linked to transport properties, damage accumulation,
and flow behaviour [14-21]. These findings reinforce the relevance of fractal representations
for ship trajectories, which similarly reflect underlying transport processes and constraints
imposed by navigation channels, traffic separation schemes, and port approaches.

A separate and methodologically important group of studies addresses signal, image,
and time-series processing. Wavelet-based techniques, spectral methods, fractal-fractional
operators, and image analysis algorithms are widely used for multi-scale decomposition,
denoising, and feature extraction in acoustic signals, biomedical recordings, image quality
assessment, and remote sensing imagery [22-30]. In the context of AIS and ECDIS data,
these methods provide the mathematical basis for trajectory smoothing, temporal normali-
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sation, anomaly suppression, and scale-consistent representation under irregular sampling
and measurement conditions.

Recent works combining wavelet analysis with maritime, engineering, and thermal
monitoring applications further highlight the potential of these methods for complex opera-
tional data and heterogeneous sensor streams [31,32]. Their integration with fractal analysis
enables the construction of hybrid multi-resolution descriptors capable of preserving both
global trajectory structure and local manoeuvring behaviour.

Research on ship motion analysis, trajectory pattern recognition, and maritime safety
demonstrates that geometric, topological, and shape-based features of vessel paths carry
critical information about manoeuvres, behavioural changes, traffic interactions, and navi-
gational risk [33-38]. Studies focusing on ECDIS-related incidents and grounding accidents
further confirm the importance of trajectory interpretation for safety assessment, situational
awareness, and decision support [39].

In parallel, investigations into intelligent data processing, optimisation, and machine
learning in safety-critical and transport domains show that fractal features can serve as
stable, scale-invariant descriptors for classification, clustering, semantic analysis, and opti-
misation of complex dynamic systems [40-48]. These properties are particularly valuable
for maritime applications, where trajectory data must be compared across different spa-
tial scales, traffic densities, and operational contexts, including urban, port, and offshore
environments [47,49,50].

Complementary studies addressing shipboard technical systems, propulsion efficiency,
energy storage, refrigeration cycles, and operational performance further support the
feasibility of linking trajectory behaviour with technical, energetic, and mechanical states
of vessels and transport systems [51-59]. Such integration is essential for moving from
descriptive trajectory analysis toward decision-support, risk-oriented navigation, and
system-level maritime safety frameworks.

The reviewed literature basis confirms the maturity of fractal and multiscale analysis
methods across diverse application domains while simultaneously revealing a clear method-
ological gap. Despite the demonstrated effectiveness of fractal metrics, wavelet techniques,
and shape-based descriptors, no unified framework currently exists for the normalised frac-
tal processing of AIS and ECDIS ship trajectories that consistently integrates preprocessing,
multi-scale feature extraction, geometric interpretation, and decision-support integration
within a single coherent methodology.

Despite the growing interest in applying nonlinear and fractal methods to naviga-
tional data, the literature lacks a comprehensive and reproducible processing pipeline
that systematically integrates AIS/ECDIS data normalization with sliding-window fractal
analysis. Most existing works focus either on isolated preprocessing steps or on specific
analytical outcomes, without providing an end-to-end methodological framework. This
gap limits reproducibility, cross-study comparability, and the practical transferability of
advanced trajectory analysis methods. Thus, despite the significant volume of scientific
work in the fields of AIS/ECDIS trajectory analysis and fractal methods, the problem of
creating a unified, reproducible, and parametrically controlled data-processing pipeline
that combines trajectory normalization with sliding fractal analysis remains unresolved.
This study examines the elimination of this methodological gap.

The objective of this study is to develop a unified fractal processing pipeline for
converting AIS and ECDIS vessel trajectory data to stable, fractal-ready representations.
The proposed pipeline comprises time normalization, coordinate system identification and
projection, derivation of dynamic motion parameters, a sliding window segmentation,
and a multi-metric fractal computation. This description underlines the importance of
reproducibility, parameter transparency, and computational robustness in this regard. The
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framework resulting from this process will provide a structured base for further analytical
tasks, allowing a consistent study of vessel motion dynamics by fractal indicators.

To achieve this goal, the study addresses the following objectives: analyzing the
structure of AIS/ECDIS trajectory data and developing a universal procedure for automated
reading and normalization of trajectories with different coordinate and time formats,
converting them into a unified metric system S® = {t;, X;, Y;, COG;, ROT;, XTE;} for each
voyage. Additionally, it aims to construct a system of fractal and dynamic indicators
that characterize the geometry and “roughness” of vessel motion within sliding windows.
This includes the Higuchi, DFA, Katz, and Petrosian fractal dimensions for cross-track
deviations XTE, along-track motion, and angular velocity, as well as the fractal dimension
of the spatial path.

The proposed framework’s individual components, like trajectory normalization and
fractal metrics, have already been investigated separately, but the originality of this work is
in their organized merger into one single pipeline that is reproducible. More specifically,
integrating automatic trajectory normalization with sliding-window multi-metric fractal
analysis enables consistent comparison of different trajectories, which is not possible with
ad hoc or standalone implementations. Hence, the contribution goes beyond refining
metrics and offering a structured methodological framework for comparative maritime
trajectory analysis.

It is important to stress that the proposed processing framework is not for real-time
VTS operations at all, where ECDIS data may not be available. Rather, the use of ECDIS
trajectories is most relevant and seen in onboard and post-voyage analytical contexts
including navigational performance assessment, training, incident investigation, voyage
reconstruction, and VDR-based analysis. It is in this context only that AIS and ECDIS data
have been considered as complementary sources in the processing of a unified trajectory
rather than parallel inputs for real-time traffic monitoring.

The remainder of this paper is organized as follows. Section 2 describes the data
sources and the proposed trajectory processing methodology. Section 3 presents the ob-
tained results and illustrative examples. Section 4 discusses the implications, limitations,
and operational applicability of the proposed framework. Finally, Section 5 summarizes
the main conclusions of the study.

2. Materials and Methods

In line with the paper’s aim, we proceed to a step-by-step description of how the stated
objectives are achieved. The first task is a formal analysis of the structure of AIS/ECDIS
trajectory data and the development of a universal procedure for automated reading and
normalization of trajectories with different coordinate and time formats, converting them
into a single metric system.

Let us introduce a unified metric representation of a vessel’s trajectory obtained from
heterogeneous AIS/ECDIS files (¢;, X;, Y;, COG;, ROT;, XTE;), which serves as the basis for
subsequent fractal analysis.

2.1. Structure of AIS/ECDIS Trajectory Data
Formal Statement of the Normalization Problem

Let the input consist of a set of trajectory files

7= {F<k) }115:1’ M
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where each file F®) corresponds to one voyage or one fragment of vessel motion, formally,
the file F®) is a rectangular table F) = {ZI(I;) li=1,...,N, j=1,..., Mk}, where i is the
record index (time sample) and j is the column index.

A typical i-row can be written as a vector zgk) = (Time;, Lat;, Lon;, COG;, SOG;,...),
whose components may be missing, expressed in different units of measurement and stored
in various formats (numeric, textual, DMS, Excel time, etc.).

In this study, the rate of turn is treated as the rate of change of heading (HDG). When
AlS-derived COG is used as a proxy due to data availability, this approximation is explicitly
acknowledged and its limitations are discussed.

The goal of normalization is to construct a mapping

N F®) 5 gk @)

where S® is a standardized time series in a unified metric system

stk = {(tz’/ xi, yi, COG;, ROT;, XTE;, ¢;, )\Z)}lel 3)
Here t;—time in seconds from the start of the trajectory (¢; = 0); (x;, y;)—coordinates
in metres in a local Cartesian system; COG;—true course of the vessel (degrees);
ROT; = dCOG/dt—angular turning rate (deg/s); XTE;—cross-track error with respect to
the smoothed trajectory (m); ¢;, A;,—latitude and longitude in decimal degrees (if available
in the raw data).
Thus, the normalization problem reduces to constructing two mappings:

- Temporal unification ®; : Time; — t; € R, t;(sec);
- Spatial unification @y, : (Lat;, Lon;)or (X;, Y;) — (x;, yi) € R2.

The implemented software pipeline automatically performs:

- Reading CSV/XLS/XLSX files into a unified tabular DataFrame format;

- Detection of service columns (time, latitude, longitude, course, speed);

- Identification of the geocoordinate format (decimal degrees, DMS, already metric X/Y);

- Conversion of coordinates into metres using the EP5G:32635 projection or a local
pseudo-Mercator approximation;

- Conversion of time into seconds and estimation of the sampling step Af;

- Construction of the normalized trajectory series S®.

2.2. Automated Reading of Tables and Detection of Service Columns
2.2.1. Universal File Reading

The read_any(path)algorithm implements a universal import mechanism. Suppose
the file extension is .csv, the call pd.read_csv(path, encoding="utf-8”, sep=None, en-
gine="python”) is used with automatic delimiter detection.

If the file is an Excel workbook (.xls, .xIsx), all sheets sheet_name are scanned sequentially:

- For the first H rows of each sheet (in the code H = 10), a candidate header row
h, = (1, ..., hy pm) is formed and normalized (lowercase, trimmed);

- If any element of h, contains the keywords {lat, lon, time, utc, lat, long, time, date},
this row is accepted as the header, and the sheet is read as df = read_excel(sheet,
header =r);

- If none of the top rows contains the keywords, the sheet is read with the default header
and checked for non-emptiness.
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Thus, over the set of possible header-format variants, we construct an operator R:
“file — DataFrame” that is robust to changes in the structure of xIs/xlsx files (different
sheets, header rows, presence of service rows at the top).

2.2.2. Detection of Service Columns

After importing a DataFrame D with the set of columns C = {cy, . . ., ¢y}, the function de-
tect_columns(df) is applied, which builds a mapping from the physical columns to their se-
mantic roles (latitude, longitude, time, course, speed, etc.) ¥ : C — {lat, lon, time, cog, sog}
u{e}.

Normalization of column names is implemented by the function: norm(c) = lower-
case(trim(replace_nbsp(c))),after which a mapping from the original names to the normal-
ized ones is created Crorm = {norm(c]-) — c]-}.

For each type of service column a list of keywords is specified, for example:

- For latitude: K;;; = {“lat”, “latitude”};

/7S 7oar

- For longitude: Kj,, = {“lon”, “long”, “longitude”};

Za7i

- For time: K; = {“time”, “timestamp”, “utc”, “datetime”, “date”}, etc.

The column-selection operator checks for the presence of at least one keyword from
the corresponding set in the normalized header and returns the matching column name
(or index)

the first € Cyopm, for which Jkw € K : kw C norm(c),
@, if there are none.

pick(K) = { (4)
Thus, for example, the latitude column is determined as the column whose normalized
header contains an element from K,

Crar = Pick(KCpat) 0 Crorm|"lat"]. (5)

At the output we obtain the tuple (cj, Clon, Ct, Ccog, Cs0g), Which is then passed to the
georeferencing and normalization procedure.

In this way the format of geocoordinates is automatically identified and DMS values
are parsed into decimal degrees.

To support both decimal and DMS formats (e.g., 41°02'30” N), a regular expression
DMS_RE is used to extract deg, min, sec, hem € {N, S, E, W}, after which latitude/longitude
in decimal degrees are computed as

min sec

_ ... ] =1, hem e {S, W},
p=s- <|deg| + 0 + 3600)' where the signis s = {

6
+1, else. (6)

This formula is implemented in parse_dms_value() and vectorised in parse_dms_series().

2.2.3. Detection of the Type of Geodata (detect_or_guess_geo)

The function detect_or_guess_geo(df) builds a dictionary geo = {mode, lat, lon} or
geo = {mode, x, y}, where mode € {latlon_decimal, latlon_dms, latlon_decimal_guess,
latlon_dms_guess, xy}.

2.3. Logical Predicates of the Functions
2.3.1. Explicit LAT/LON Column Names

If there exist columns cy,;, ¢jon, Whose names contain keywords such as “lat” and
“lon”, then the vectors v, = to_float(cjat), vion = to_float(cy,) are computed, where
to_float_series performs normalization of string values and their conversion to nu-
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meric form. If share_notna(vy,) > 0.4 and share_notna(vj,,) > 0.4, the mode is set to
mode = mode="latlon_decimal”.

Otherwise, DMS parsing is attempted: vj,; = parse_dms_series(ciyt), Vion = parse
_dms_series(cjon), and, under the same completeness conditions, the mode is set to
mode="latlon_dms”.

2.3.2. Explicit Metric X/Y

Columns with names of the form x_m, east, easting, y_m, north, northing are searched
for. If the median of |x| or |y| exceeds 1000 m, the mode is set to mode="xy” with references
to the corresponding columns.

2.3.3. Identification of Numeric Candidates for lat/lon

A list of numeric columns (c,v.) is formed. Candidates for latitude are those for which
share_notna(v.) > 0.5, share(v. € [—90, 90]) > 0.8. Among the candidates, the columns with

the maximum variance ¢;;; = arg max 0(v:), Cjp = arg max o(vc). If ¢ # Clon,
ceLatCand ceLonCand

the mode is set to mode="latlon_decimal_guess”.

2.4. DMS Candidates for lat/lon

For each column, DMS parsing is attempted and the resulting values are checked for
belonging to the ranges [—90, 90] and [—180, 180]. In the presence of at least one valid (lat,
lon) pair, the mode is set to mode="latlon_dms_guess”. If none of the variants succeed, an
explicit error “Could not detect coordinates” is raised, which guarantees explicit detection
of anomalous files.

2.4.1. Transformation of Geographic Coordinates into a Metric System

The function to_xy(lat, lon) implements the mapping @,y : (¢;, A;) — (x;, vi)-

2.4.2. Main Mode (Pyproj Available)

If the pyproj package is installed, the projection (x;, y;) = P(¢;, A;) is used, where

P:EPSG:4326—EPSG:32635, P=Transformer.from_crs(“EPSG:4326",”EPSG:32635”, al-
ways_xy=True).

This yields metric coordinates in the UTM zone 35N system, which is adequate for the
Bosphorus region and Black Sea waters.

2.4.3. Mode Without Pyproj (Local Pseudo-Mercator Approximation)

The median latitude g = median ¢; is computed, after which classical approximations
for metres per degree of latitude and longitude are used:

Moy = 111,132.954 — 559.822 cos(2¢y) + 1.175 cos(4¢y),
Mon = 111,132.954 cos(¢y), @

Xi = (Ai = Amin) * Mion,  Yi = (@i — Pmin) - Miar,
where Apnin = min; Aj, @min = min;@;.
Such a local coordinate system is conveniently centred in the area of the route and
provides correct distances in metres for relative trajectory analysis.

2.5. Unification of the Time Axis and Estimation of the Sampling Step
2.5.1. Selection of the Time Column

The time column ctc_tct is determined by the detect_columns function and passed
to estimate_dt(df, tcol), which constructs the mapping ®;:¢; — (t1,...,tn), t1 =0,
ti_;,_] - ti - At .
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2.5.2. Estimation of At from Different Time Formats

The auxiliary function safe_median_diff(a) = median({a;,1 — 4;}_i) computes the me-
dian difference between consecutive values (after discarding NaNs) and is used to estimate
the sampling step.

2.5.3. Algorithm of the Function: Textual “HH:MM:SS” Format

The column is converted into Timedelta: 7; = to_timedelta(s;), then the array is mapped
to seconds, and the median difference At = safe_median_dif f (tfsec)
For full date-time (datetime) format an analogous procedure is applied—d; = to_

datatime(s;), At = median (t(sec)

i~ ti(sec))—with the same range check.

2.5.4. Numeric Representations

If to_numeric succeeds, the median difference m; = median(nj;; — n;) is computed,
after which a sequential interpretation is applied:

Excel day fraction: if 1 x 1070 < my; <1 x 1073, At = my - 86,400, 0.05 < At < 10 = this
value is accepted:

- Direct seconds: If 0.05 < m; < 10, we set At = my;

- Milliseconds: If 50 < m,; < 2000, At = m;/1000;

- Default value: If none of the regimes yield a valid At in the range [0.05;10] s, the
default value At = 1.0 s is used.

After estimating At, a relative time scale is constructed t; = (i — 1)At,i=1,..,N,
which is used in the computation of velocities, fractal indicators, and in sliding-
window processing.

2.6. Construction of the Normalized Trajectory Series

The function derive_series_auto(df, tcol, cog_col, sog_col, lat_hint, lon_hint) combines
the operators ®; and ®,, described above and forms the basic time series.

2.6.1. Obtaining Metric Coordinates

According to geo[“mode”]:

if the mode starts with “latlon”, the raw columns are converted to decimal degrees
(via to_float_series or parse_dms_series), after which <I>xy is applied to obtain X;,Y;

if mode="xy”, the numeric values of the columns X, Y are taken directly.

2.6.2. Generalization of the Course over Ground (COG)

If a course column is present, the vector COG; (in degrees) is formed directly. Other-
wise, the course is computed from the coordinate derivatives, e.g.,

X

dx; dy;
v = ditl' ! !

= p— @ XY
Vi =g COG; = ( - arctan2 (vi, vi> +360) mod360. 8)

2.6.3. Course Unwrapping (Removal of 0°/360° Jumps)

A standard phase-unwrapping operation is used—COG} = unwrap(COG;)—where
unwrap is applied in radians with subsequent conversion back to degrees (via np.unwrap).
Angle unwrapping is applied to avoid jumps near 360° and to ensure correct computation
of derivatives and ROT.

https:/ /doi.org/10.3390/digital6010011


https://doi.org/10.3390/digital6010011

Digital 2026, 6, 11 90f 22
2.6.4. Angular Rate of Turn (ROT)
The angular rate of turn is computed as a numerical derivative:
COG}, ; — COG}
ROTl ~ i+1 i—1 , (9)

2At

which in the code is implemented as np.gradient(cog_u)/dt.

2.6.5. Cross-Track Error with Respect to the Smoothed Trajectory (XTE)

Define the smoothed trajectory as X; = smooth(x;, win), y; = smooth(y;, win),
where smooth_series is a moving average with window win = 51.
The derivatives of the smoothed path are estimated as
~ dx _ dy
ax; = —, dyi = =, 10
xl d t yl d t ( )

and the tangent vector is normalized

1 < g~
tt = ———(dx;, dy;), (11)

./d?c?+dy?+s

after which the oriented normal vector is defined as n; = (—tly , ) .

Deviation vector and cross-track error Ar; = (x; — X;, y; — y;). The deviation vector
of the actual point from the smoothed path is XTE; = (Ar;, n;) = (x; — X;)n} + (yi — yi)niy .
Then the cross-track error (XTE) is computed as the scalar product.

2.7. Formation of the Normalized Table

For each file, a DataFrame norm = [t;, X;, Y;, COG}, ROT; XTEi]fil is constructed,
with optional additional columns LAT, LON when geographic coordinates are available.

This table is saved in the form <input_filename>_normalized.csv, i.e., one normalized
file per input trajectory.

For each file an additional summary record is formed (in the file fractal_report.csv),
where the following are stored: n_points, dt_sec, mode_geo, and the global fractal metrics
(Higuchi, DFA, Katz, Petrosian, FD_path_2D) for the series COG, ROT, XTE.

2.8. Data Provenance and Preprocessing Effects

It is well known that both AIS and ECDIS trajectory data are primarily derived from
GNSS measurements that have already undergone sensor-level filtering, including Kalman
smoothing. The aim of the processing framework is not to smooth the trajectory geometry
further, but rather to temporalize normality and metric constancy. The framework attempts
to ensure that high-frequency maneuvering dynamics will not be affected by resampling
and interpolation. Specifically, the applicable analysis leads to constraint on the fractal
metrics due to the actual time interval problem in AIS data sets, whereas observed stability
regarding some metrics should be understood on their own, coming from pre-filtering.
Therefore, these limitations prohibit the utilization of this method. This is once more spelled
out in the prose below the platea.
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2.9. Formation of a System of Fractal and Dynamic Indicators in Sliding Windows
Sliding-Window Model
Let, after normalization, we have the discrete time series
N N
X = {Xi}i:l/ Y= {Yi}izlf (12)

XTE = {XTE;}~ |, § = {COG;}Y,, w={ROT;}~, "

where t; = (i — 1)At is time in seconds (sampling in seconds), and At is the discretisation
step obtained by the procedure estimate_dt(). The step At is estimated as the median of the
differences t; and is minimally sensitive to outliers.

In the code, the sliding-window parameters are specified as T_w = WINDOW_
SEC =120s, T_s = STEP_SEC = 10s.

1
fs - Ez L= LwasJ/ S = LTsfsJ/ (13)

which correspond to the window duration and the window shift in seconds, respectively.
Let L be the window length in points and S be the window shift in points. Then the
j-th window (analysis episode) corresponds to the index interval
I] = {I’l]‘, nj+1, ey 7’1]' +L — 1}, 1’lj = 1+(j—1)S,
N-L
i=1,...,M, M:{SJ—i—l. (14)
In other words, the window is shifted along the trajectory by S samples at each step.
For each window, the local signal fragments are extracted, for example, for cross-
track error ‘ 4
x = {XTEi‘i S I]'}, w! = {ROT,’|i S I]‘},

v ={(X;, V)i € I}, (15

and, if necessary, analogous fragments can be formed for COG;, ROT; or other
derived series.

In the current implementation the sliding fractal metrics are computed for % (cross-
track deviations XTE), whereas the global indicators are evaluated for 8, w, XTE, and the
spatial path r. The algorithm is easily extensible to along-track motion (YTE) and to w in
sliding windows using the same functions.

The function sliding_metrics(ts, fs, window_sec, step_sec, metric_fn)in the code for-
mally implements the operator

Smetric © {xi}il\il - {(t{)’ m]) }jl\ill (16)

th= (nj—1)At, m/ = metric_fn({xi}iel], .

2.10. Higuchi Fractal Dimension for a Scalar Process

For each scalar series {x;}~ ' (COG, ROT, XTE) the Higuchi fractal dimension Dy is
calculated according to the classical Higuchi scheme. For each scale k =2, .. ., kmax (y x0xi
kmax = 16) k subsequences are constructed

XK = {oxm, Xk Xpaokr---}, m=0,1,...,k—1. (17)
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For each subsequence the “length” of the polyline is estimated:

No1 o E
Lm(k):W—le L o Fe-an 19
k

Intuitively, this formulation captures the rate at which trajectory complexity evolves
across successive temporal scales, allowing local structural changes in vessel motion to
be quantified.

The average length for scale k is

1
L(k) = Wmez/\:@ Lu(k), (19)

where M is the set of indices m for which the corresponding subsequence is non-empty
XK, > 2. For a series with fractal structure the following power-law relation holds

L(k) ~ Ck~PH. (20)

In logarithmic scale:
InL(k) ~InC — Dy Ink. (21)

The implemented function higuchi_fd(ts) forms the array of pairs (In k, In L(k)),
performs linear regression by the least squares method, and returns the estimate of the
fractal dimension

Dy = —PB1, p1= arggniﬁnZ(lnL(k) — Bo — B11nk)*. (22)
0/P1
In our case global metrics D%OG = Higushi_COG, DEOT = Higuchi_ROT, DﬁTE =
Higuchi_XTE, which are written to fractal_report.csv.
Sliding metrics for XTE

D¥!F = Higuchi_XTE' = Dy (x/), (23)

which form the column Higuchi XTE in fractal_windows.csv with reference to the
time t0_sec.

2.11. Detrended Fluctuation Analysis (a-Exponent)

To analyze scale-dependent fluctuations, the DFA method is used, implemented in the
function dfa_alpha(ts). Let {xi}il\i 1 be the stationary series (COG, ROT, XTE). We construct
the integrated profile:

]
y(j) =Y. (x;—%), j=1,...,N, (24)
i=1
where X is the mean value.

Next, we choose a set of scales s (in the code they are logarithmically spaced from
min_win up to max_win_frac\cdot N), for each scale s we split the profile y(j) into ns =
|N/s | non-overlapping segments of length s. In each segment v =1, ..., n; we perform a
linear regression

y(j) = avj+by, je[(v—1)s+1, vs], (25)
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and compute the deviations

eo(j) = y(j) — (avj + bo). (26)

The root-mean-square deviation for scale s is then

Pe =% éevmz- @)

1
nss =

For a self-similar series, we have F(s)~s*, i.e., In F(s) =~ alns + const. The function
dfa_alpha(ts) returns the estimate & as the slope of the straight line on the InF(s)—Ins.
Within the system of indicators:

- Global values a“°“=DFA_COG, a®°T = DFA_ROT, «*™* = DFA_XTE;
- Sliding values for XTE Dé;(TE = DFA_XTE/ = dfa_alpha(x/), which are computed in
moving windows.

2.12. Katz Fractal Dimension

The function katz_fd(ts) implements one of the classical indicators of the “roughness”
of a curve. For a series {xi}fil:

- Total length of the trajectory:
N
L=Y |x—xi1]. (28)
i=2

- Maximum distance to the initial point:

d= C—xql. 29
gag;lez x1 (29)

The Katz fractal dimension is defined as:

_ log,o(N) .
log(N) +logyg (%)

Dx (30)

In the code, additional checks are provided for the cases L = 0 or d = 0 (in which case
Dk =1is returned as a degenerate value). Its use within the programming framework is
as follows:

- Globally D%OG = Katz_COQG, DEOT = Katz_ROT, DﬁTE = Katz_XTE, are written
to fractal_report.csv;

- Locally for XTE: D}éT]E = Katz XTE = Dg (xf ), form the Katz_XTE column in frac-
tal_windows.csv.

This indicator is sensitive to “breakage” (irregularity) of the trajectory within the
sliding window and is used in conjunction with Higuchi’s fractal dimension and DFA
indicators to form a local fractal characteristic of the vessel’s movement.

2.13. Petrosian FD and Dynamic Characteristics of Angular Velocity

Although the problem statement focuses on Higuchi, DFA, and Katz, the code addi-
tionally implements the Petrosian FD as a fast indicator of chaos for COG, ROT, and XTE:

logw(N )

N 7
logyo(N) +logyg (N+0.4M>

where Nj is the number of sign changes in the first difference Ax; = x; — x;_;.

Dp =

(31)
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This indicator is included in fractal_report.csv as Petrosian_COG, Petrosian_ROT,
Petrosian_XTE and is used at the stage of constructing the correlation matrix of fractal
indicators. The dynamic indicators in the system are represented by the angular velocity
itself w = ROT(t), obtained as the numerical derivative of COG(t); subsequent episodic
statistics (mean value, maximum, and standard deviation of |[ROT| over time intervals),
which are computed at the next stage (function rot_stats_in_range()) and interpreted as
dynamic characteristics of the “aggressiveness” of maneuvering.

Thus, the fractal indicators (Higuchi, DFA, Katz, Petrosian) describe the geometric
complexity of the signals XTE, COG, ROT, whereas ROT and its statistics characterize the
dynamics of control (speed and variability of turns).

2.14. Fractal Dimension of the Spatial Vessel Path

For the spatial path r = {(X;, Yi)}il\i 1, the box-counting fractal dimension Dg is
computed (function box_count_fd(X,Y)). The minimal square containing the trajectory
is determined:

Xmin = MINX;, X¥max = MaxXj, Ymin = MinYj, Ymax = maxYj,
1 1 1 1

(32)

L = max(Xmax — Xmin, Ymax — Ymin)-

A set of scales is formed as ¢; = L/ 2, j=1,...,] (in the code num_scales = 8).
For each scale ¢;, the plane is divided into a square grid with step ¢;, the trajectory
points are quantised:

gi — \‘Xi _xminJ’ i = \‘Yi_yminJ’ (33)

& &

and the number of occupied cells is computed: N(e;)=|{(G;,17:)}|-
According to fractal theory

1
N(e) ~¢ P8, = InN(e) ~ Dgln ” + const. (34)

The function box_count_fd performs a regression of InN(g;) on In(1/¢;) and re-
turns the estimate DB=FD_path_2D, which is written to fractal_report.csv. Values of
Dg close to 1 correspond to an “almost straight” trajectory, whereas an increase in Dp to
1.5-1.7 indicates pronounced jaggedness and loop-like behaviour of the path.

2.15. Integrated System of Indicators and File Structures

Thus, for each track (vessel passage) a two-layer system of indicators is formed.

Global fractal indicators (over the entire trajectory). File is: C:\...\Result_AI AIS\
fractal_report.csv. For each track k, the following are stored:

Higuchi_COG, Higuchi_ROT, Higuchi_XTE;

DFA_COG, DFA_ROT, DFA_XTE;

Katz_COG, Katz_ROT, Katz_XTE;

Petrosian_COG, Petrosian_ROT, Petrosian_XTE;

FD_path_2D—fractal dimension of the spatial path;

service fields: file, n_points, dt_sec, mode_geo.

These indicators define the fractal signature of the voyage as a whole.

Local sliding fractal indicators (for XTE). File is: C:\...\Result_AI AIS\fractal_
windows.csv. For each window j and track k:

file—track identifier; '

t0_sec—window start time t{) ;
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Higuchi_XTE—D}'F;

DFA_XTE—aTF;

Katz_XTE—Dg'F.

These local series define the field structure of the fractal “roughness” of the trajectory
over time and provide the foundation for identifying local trajectory segments.

3. Results
3.1. Software Implementation and Examples of Output Data

The formalization described above is implemented in the function process_file(path),
which sequentially performs:

- df =read_any(path)—universal reading of the source file;

- lat_col, lon_col, tcol, cog_col, sog col = detect_columns(df)—detection of the
service columns;

- cog_u, rot, xte, X, Y, dt, geo = derive_series_auto(...)—construction of the metric
time series.

3.1.1. Formation of the DataFrame Norm

The DataFrame norm is created with the columns: t_sec, X_m, Y_m, COG_deg_
unwrapped, ROT_deg_s, XTE_m, LAT, LON.

3.1.2. Data Export
The following outputs are generated:
e  Normalized trajectory:

Export\Normalized <file>_normalized.csv.
e Aggregated fractal summary:
Export\fractal_report.csv.
e Sliding-window fractal metrics:
Export\ fractal_windows.csv.
e  Error log for problematic files:

Export\errors.csv.
Based on the normalized data, additional diagnostic plots are generated in PLOTS_DIR
(Figures 1 and 2):

[e]e]

Katz FD (XTE)

Figure 1. Distribution of Katz FD for XTE across all trajectories.
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Figure 2. Evolution of the Higuchi fractal dimension computed for the normalized vessel trajectory
in sliding windows.

Figure 1 illustrates that, after coordinate and time normalization, the fractal metrics
have consistent scales across different voyages.

As shown in Figure 2, the Higuchi fractal dimension exhibits a pronounced local
minimum, which reflects a temporary reduction in trajectory complexity and indicates a
transition between maneuvering regimes. The parameter f; (window start in seconds) and
the values of the Higuchi FD are computed in a unified metric system of time and space. It
displays Higuchi_XTE() over time with marking of windows where the value falls into the
upper 5th percentile.

The structure of the file Export\ fractal_report.csv as a summary of the normalization
stage and primary fractal analysis is shown in Figure 3.
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Figure 3. Tabular data for a fragment of the normalized vessel trajectory.

The table data can be used to demonstrate the structure S®. Thus, the developed
automated reading and normalization procedure transforms heterogeneous AIS/ECDIS
data into a unified, consistent metric trajectory model, providing a representation suitable
for advanced analytical tasks based on fractal and nonlinear methods.

The next stage is the implementation of the second research task, which involves
developing a system of fractal and dynamic indicators characterizing the geometry of
vessel motion in sliding windows.
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3.2. Software Implementation and Visualization Guidelines

All the described indicators are implemented within a single pipeline “AIS — Fractal
conveyor + big data”. The key functions are:

- higuchi_fd(ts), dfa_alpha(ts), katz_fd(ts), petrosian_fd(ts), box_count_fd(X, Y)—
computation of fractal indicators;

- sliding_metrics(ts, fs, WINDOW_SEC, STEP_SEC, metric_fn)—sliding window over
the XTE signal;

- stepl_preprocess_ais()—formation of fractal report.csv and fractal_windows.csv;

- step2_fractal signatures()—construction of the correlation matrix of fractal indicators
and their clustering.

Based on the code execution results, illustrations are generated automatically
(Figure 4):

1.2
1.0 4 i
0s 4
0.6 2|

0.4 i

Higuchi FD (XTE)

0.2 1

0.0

Figure 4. Distribution of sliding Higuchi FD(XTE) values over tracks.

Each vertical segment in Figure 4 corresponds to a sliding analysis window positioned
along the normalized vessel trajectory. The distribution illustrates the variability of local
Higuchi FD(XTE) values across different tracks, while the width of the distribution reflects
the degree of structural heterogeneity of cross-track deviations within individual voyages.

Elevated Higuchi FD values computed for the cross-track error (XTE) were seen as a
signal that the geometric complexity of lateral motion with respect to the reference track
had increased. In practical terms, such patterns can be correlated with the most intensive
steering phases, such as docking operations, collision avoidance actions, route changes
under environmental disturbances, or even navigation under strict traffic separation rules.
The proposed fractal signature does not intend to directly classify the maneuver’s intent
but rather offers a quantitative descriptor that can tell structured maneuvering behaviour
apart from irregular or anomalous deviations.

Figure 5 shows boxplots of {DI)?]E} for each vessel.

The correlation matrix in Figure 5 represents pairwise relationships between global
fractal indicators computed for different motion components. Strong correlations indicate
shared sensitivity to trajectory complexity, whereas weaker correlations reflect complemen-
tary aspects of vessel motion geometry captured by different fractal metrics.

As a practical illustrative example, Figures 4 and 5 demonstrate a normalized vessel
trajectory fragment together with the associated fractal indicators computed in sliding win-
dows. This example shows how local geometric variations along the trajectory are reflected
in the corresponding fractal metrics and can be interpreted in applied navigational analysis.

Together, the formal definitions and software implementation form a comprehensive
system of fractal and dynamic indicators that provides a quantitative description of the
geometric characteristics of a vessel’s motion both at the level of the entire trajectory and
within the sliding window analysis. The proposed approach allows the formation of local
fractal characteristics of motion while maintaining the temporal consistency and structural
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integrity of trajectory data, which is critically important for further analytical studies based
on nonlinear methods.

Higuchi_XTE
DFA_XTE
Katz_XTE
Petrosian_XTE
FD_path_2D
Higuchi_ROT
DFA_ROT
Katz_ROT

Petrosian_ROT

Figure 5. Correlation matrix illustrating pairwise relationships between fractal indicators computed
for different components of vessel motion after trajectory normalization.

Within the scope of the study, a unified fractal pipeline for processing ship trajectories
based on AIS and ECDIS data was implemented and tested. The proposed approach was
applied to navigation records characterized by uneven time discretization, gaps, and spatial
inhomogeneities inherent in real operational data.

By applying time normalization and coordinate unification procedures, a metrically
consistent representation of trajectories was obtained, ensuring the correct calculation of
dynamic motion parameters, in particular, course, angular rate of turn, and transverse
deviation. This enabled the elimination of distortions that arise during the direct analysis
of raw AIS/ECDIS records.

The use of a sliding-window approach combined with fractal metrics enabled the
formation of local fractal fields of the trajectory, reflecting changes in the complexity of
the vessel’s movement over time. The results show that fractal indicators exhibit consis-
tent behaviour across analysis windows and remain stable across different discretization
parameters after data normalization.

A comparative analysis of global and local fractal characteristics showed that sliding-
window analysis allows detection of structural heterogeneity in the trajectory, which is not
apparent when averaging indicators over the entire route. This confirms the feasibility of
using local fractal analysis to study the complex dynamics of ship movement.

Thus, the results obtained confirm the performance of the proposed fractal conveyor
and its suitability for forming a stable, reproducible, and quantitative description of ship
trajectories based on AIS/ECDIS data. In addition, the obtained results demonstrate that
the proposed normalization and fractal processing pipeline produces consistent indicator
values across trajectories with different sampling rates and spatial extents. This confirms
that the framework ensures metric comparability of AIS/ECDIS-derived trajectories, which
is a necessary prerequisite for subsequent comparative and structural analyses.

4. Discussion

The results confirm the feasibility of using a unified fractal conveyor to process ship tra-
jectories based on AIS and ECDIS data. The proposed approach eliminates key limitations
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inherent in the analysis of raw navigation data, in particular, temporal heterogeneity, spatial
inconsistency, and instability of derived dynamic parameters. This results in a metrically
correct representation of the trajectory, suitable for the application of nonlinear analysis
methods. At the same time, the applicability of the proposed framework is constrained
by the characteristics of the source AIS and ECDIS data. In particular, downsampled AIS
reporting intervals and sensor-level GNSS filtering may limit the sensitivity of fractal indi-
cators to very short-term maneuvers. Therefore, the interpretation of local fractal metrics
should be performed with consideration of data resolution and preprocessing effects.

The crucial point is that fractal indicators alone cannot serve as the basis for resolving
the distinction between intentional moves and irregular acts. On the contrary, the sug-
gested approach provides a structural delineation of motion dynamics that can be used
for subsequent higher-level contextual or semantic analyses. Thus, fractal micromovement
signatures serve as a diagnostic layer rather than a final classifier of navigational intent.

The proposed processing pipeline is inherently modular and paralleled execution
from a computational standpoint. The steps of trajectory-level normalization and sliding-
window fractal computations can be allocated to independent processing units in such a
way that it will be efficient. The present study emphasizes the algorithmic formulation
and methodological consistency; hence, runtimes and hardware specific optimizations are
not included. Still, the framework can accommodate the large-scale batch processing of
AIS datasets using the traditional systems of parallel computing. While remote sensing
approaches such as synthetic aperture radar provide valuable capabilities for vessel detec-
tion and classification, they address a fundamentally different analytical level. The present
work focuses on detailed trajectory dynamics derived from navigational records rather
than object detection from imagery. Integration of trajectory-based fractal analysis with
remote sensing outputs represents a complementary research direction but lies outside the
scope of this study.

From an operational perspective, the developed framework is primarily suitable for
onboard and post-voyage analytical tasks, including navigation performance assessment,
trajectory reconstruction, and incident investigation. The approach is not intended for
real-time VTS monitoring but provides a structured basis for detailed retrospective analysis
of vessel motion dynamics using AIS and ECDIS records.

The maritime cybersecurity viewpoint considers the growing reliance on AIS and
ECDIS data for analysis and making decisions as a factor that affects the data integrity, au-
thenticity, and resilience. The AIS spoofing, GNSS interference, and unauthorized changes
to the navigational data on board can directly impact the dependability of the trajectory
indicators resulting from the analysis. Under these circumstances, the recommended
processing framework might support retrospective integrity assessment by pointing out
the irregular or unstructured motion patterns that could signal data tampering or cyber
disturbances rather than normal navigational activities.

The use of a sliding-window approach in combination with a set of fractal indicators
enables the study of local changes in the complexity of ship movement at different time
scales. Unlike global trajectory characteristics, local fractal indicators allow the detection
of structural heterogeneity of movement without losing the time reference. This is a
significant advantage of the proposed approach over traditional statistical or kinematic
methods, which typically average characteristics across the entire trajectory.

The primary objective of this study is methodological rather than benchmark-oriented
validation. The proposed framework is designed to ensure structural comparability and
internal consistency of trajectory-derived indicators, rather than to optimize numerical
performance against a specific reference method. As such, the emphasis is placed on repro-
ducibility, interpretability, and robustness of the processing pipeline. Quantitative bench-

https:/ /doi.org/10.3390/digital6010011


https://doi.org/10.3390/digital6010011

Digital 2026, 6, 11

19 of 22

marking against alternative normalization schemes or window configurations represents a
natural direction for future applied studies but is beyond the scope of the present work.
Particular attention should be paid to the robustness of fractal indicators to typical
AIS/ECDIS data defects. The results show that after unified normalization and parametri-
cally controlled segmentation with a sliding window, fractal indicators demonstrate stable
behaviour even in the presence of noise and uneven discretization. This confirms the feasi-
bility of using fractal analysis in combination with a clearly defined algorithmic pipeline.

5. Conclusions

The paper proposes a unified fractal conveyor for processing ship trajectories based
on AIS and ECDIS data, converting raw, heterogeneous navigation records into a stable,
reproducible metric model of movement. Unlike existing approaches that focus on individ-
ual preprocessing stages or the application of specific analytical indicators, the developed
approach implements an end-to-end algorithmic scheme that combines time normalization,
coordinate unification, dynamic parameter calculation, and sliding fractal analysis.

The proposed pipeline allows the formation of local fractal trajectory fields that char-
acterize the complexity and structural features of ship movement at different time scales.
The use of a set of fractal metrics, combined with a sliding-window approach, ensures the
stability of the resulting indicators against noise, uneven sampling, and variations in input
data, which are typical of AIS/ECDIS records.

The practical value of the proposed approach lies in its reproducibility, parametric
transparency, and integration with maritime traffic analysis software systems. The devel-
oped fractal conveyor can serve as a universal basis for further analytical tasks related to
trajectory dynamics, route comparison, and complex navigation processes.
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Abbreviations

The following abbreviations are used in this manuscript:

AIS Automatic Identification System

COG Course Over Ground

Csv Comma-Separated Values

DFA Detrended Fluctuation Analysis

DMS Degrees, Minutes, Seconds

ECDIS Electronic Chart Display and Information System
EPSG  European Petroleum Survey Group (Geodetic Parameter Dataset)
FD Fractal Dimension

GIS Geographic Information System

LAT Latitude

LON Longitude

ROT Rate of Turn

UT™M Universal Transverse Mercator

XTE Cross-Track Error
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